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1. Introduction
Fish provide important ecosystem services not only for food but also for habitat stability and regulation.
From a cultural perspective fish have a strong historical relationship with humans’ economic activity and
recreation (AAAS, 1997). At present fish stocks are subject to manifold anthropogenic stresses such as pol-
lution, invasion of exotic species, river fragmentation and habitat loss that are threatening the sustainability
of the stock resources (Carpenter et al., 2017; Cambray, 2003). At the same time fish stocks are seriously
affected by overfishing (i.e. excessive harvest resulting in depleting fish stocks) as one of the main drivers
of declining populations (Camp et al., 2017). For this reason a sustainable management of a fishery involves
constant monitoring of catch rates. This is important for commercial fishing activities, however recreational
angling has also a relevant impact on fish stocks, although it is often overlooked.
Recreational angling has raised interest in economic terms because it represents a source of income
for local communities that are frequently located in remote and relatively poor areas (Cookie and Cowx,
2005; Curtis et al., 2017; Lawrence, 2005; Toivonen et al., 2004), as well as its impact on environmental
sustainability (Ready et al., 2018; Gagne et al., 2017). It is estimated that 11% of the world population
practice fishing as a social and leisure activity (Arlinghaus et al., 2015). Therefore, even if the individual
impact of one recreational angler is small, the cumulative effect of all anglers becomes extremely important
for sustainability. Cooke and Cowx (2006) reported that recreational angling is responsible for about 12%
of the total catches worldwide. Zarauz et al. (2015) argue that in the Basque Country recreational land-
ings were found to be higher than expected after a monitoring period, accounting for roughly half of the
total harvest. For some popular species, such as Largemouth bass (Micropterus salmoides), Rainbow Trout
(Oncorhynchus mykiss), Sockeye Salmon (Oncorhynchus nerka) and Yellow Perch (Perca flavescens), the
impact of recreational landings is estimated to exceed commercial volumes (Lewin et al., 2006). McPhee
et al. (2002) argue that recreational fishing is not sustainable in the long term without constant monitoring
and control. For example, Schroeder et al. (2002) find large differences in fish species density and specimen
size in comparable adjacent areas, one of which is subject to recreational fishing and the other a fishery
reserve.
Fisheries are complex systems and their dynamics are always subject to a certain degree of uncertainty
(Dayton, 1998) plus management failures may be due to poor decisions and inadequate or erroneous sci-
entific information (Maunder et al., 2006). In some cases fish might be overexploited before scientists and
managers have the necessary data to realize the decline in populations. Systematic monitoring of recre-
ational angling activity and the volume of fish harvesting is necessary for sustainable management, as there
is evidence that overexploited fisheries rarely recover after collapse (Hutchings, 2000). Effective manage-
ment is fundamental when a fish species shows declining stocks, as the case of salmonids in Ireland. Salmon
in Irish waters have been heavily exploited for many years. In an attempt to tackle the situation and assure
a viable salmon population, commercial salmon fishing was curtailed in the early 2000s and a drift net ban
was introduced in 2007. Recreational angling for salmonids is also well regulated, with a licence required
for salmon (Salmo salar) or sea trout (Salmo trutta) fishing, unlike other target species within Ireland, plus
anglers are subject to both daily and season bag limits. Anglers must report their catch via logbook returns.
The use of such logbooks is quite common to record data for many fish species and for several angling
activities, not only in Ireland but in several other part of the world.
The main advantage of a logbook scheme is the possibility to monitor the fishery at a relatively low cost
(Pollock et al., 1995) and there are many practical applications (e.g. Prince et al., 2002; Mosindy and Duffy,
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2007; Kerr, 2007). Logbook returns are often used to estimate catch per unit (CPUE) (Jansen et al., 2013;
Stephens and MacCall, 2004) or for assessing anthropogenic pressure on fish stocks (Jankovsky` et al., 2011;
van der Hammen et al., 2015). In Ireland logbook return data from recreational salmon anglers, in particular
river-specific weight data, have been used to develop river scale biological reference points, which are used
to set conservation limits above which a harvest fishery is allowed (White et al., 2016). The approach devel-
oped by White et al. (2016) is judged to be a significantly improved method of assessing conservation limits
and is a major development for the conservation and management of salmon stocks on a river-by-river basis.
The empirical analysis in this paper utilises the same logbook return data and provides insight into another
aspect of river specific management guidance – the efficacy of various fishing methods. The modelling
approach used allows management to assess the potential impact of limiting the method of fishing used in
different river systems on catch rates thereby providing valuable information that can be used to influence
CPUE.
A parametric approach is proposed to analyse logbook data and identify the extent to which angling-
specific variables are associated with successful catch. Unlike previous research, we do not estimate CPUE
but focus on factors associated with probability of catch, as our dataset contains no information on fishing
effort. The primary objective of the analysis is to provide fishery managers information on the most suc-
cessful methods of fishing controlling for differences across fisheries and anglers. This information may
aid fishery management decisions when sustainability of fish stocks are threatened. A secondary analysis
is undertaken with respect to licence types, which vary by duration and geographical location. The type
of licence purchased will reflect an angler’s needs, e.g. 1-day versus season long licence, however, the
logbook returns data enable the assessment of the ex-post expected value for money of licence types, i.e.
expected catch per licence unit cost, which is information that should be useful for the administration of
the licensing system. This contrasts with the standard approach to economic valuation of angling, which
usually entails estimating an angling demand function and calculating consumer (angler) surplus (Curtis,
2002; Englin et al., 1997; Hynes et al., 2017; Grilli et al., 2018; Morey and Waldman, 1998).
The remainder of the paper is organized as follows. Section 2 briefly reviews the state of salmon
angling in Ireland. Section 3 then presents the methodology used in the analysis. Section 4 presents the
results. Section 5 then discusses how the information generated from the modelling approach used is useful
to in terms of regulation and management of recreational fisheries. It also includes a discussion of the policy
implications related to the model findings. Finally, Section 6 offers some conclusions.
2. Background - salmon angling in Ireland
The Atlantic salmon is a native Irish fish. The salmon fishing season open on the majority of Irish rivers
on various dates in February, March, April and May. For a small number the start date is January 1st. The
majority of rivers close to salmon fishing on September 30th. The bigger fish known as ‘Springers’ tend
to run in the early months of the year and weigh an average of nine pounds Angling Ireland (2018). The
biggest run of salmon occur in the summer months although many Irish rivers also have large runs of salmon
at the beginning of the autumn. Large-scale commercial salmon fishing ended in Ireland in 2007 with the
introduction of a mixed-stock drift net ban. Recreational anglers are now the primary users of Ireland’s
wild salmon resources. The best salmon rivers are generally located on the western and southern coasts in
areas where angling related employment is an important income source in what is often rural locations with
limited employment opportunities.
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When fishing for salmon and sea trout in Ireland a State licence is required. At present there are several
different types of licences that anglers can choose from, differing by time and geographical location:
• Annual, all-districts
• Annual, district-specific (one only of 17 fishery districts/regions)
• Annual, juvenile (below 18 years old), all districts
• 21 day, all-districts
• 1 day, all-districts
• Special licence for the Foyle river1
• Other special local licences
A fishing permit or club membership may also be required at some locations. Salmon and sea trout an-
gling is subject to the ‘Wild salmon and sea trout tagging scheme’ administered by Inland Fisheries Ireland
(IFI). The main objective of this scheme is to collect accurate information on nominal catch and estimate
stock exploitation in order to develop adequate management strategies for the long-term sustainability of
salmonid fisheries. When an angler purchases a licence they also receive a logbook and ‘gill tags’. Anglers
must attach a gill tag to all salmon and sea trout harvested (the minimum size for a fish to be retained is
40 cm) and record all details of the catch in the logbook. All released fish must also be recorded, not just
harvested fish. Information recorded in the logbook includes date and location, length and weight of the
fish, the species (salmon or sea trout), fishing method (i.e. type of bait), and whether the fish was released
or not. While returning logbooks at the end of the season is mandatory, approximately 30% of logbooks
are not returned. The majority of non-returned logbooks are associated with 1-day licences where catches
are relatively few due to low effort and possibly angler inexperience, or where no catch is recorded. The
logbook return data is consequently confined to anglers with positive catch.
3. Methods
3.1. Data preparation and statistical analysis
Our analysis relates to logbook returns for the 2016 salmon angling season. The initial dataset had
22,954 observations, each representing a fish caught. We excluded records related to sea trout, totalling
1,145 observations, i.e. less than 5% of the total, as our focus is on salmon. Observations with missing data
(e.g. unknown fishing method or location) were also excluded. The data was then organised as a panel of
anglers by fishing method and by river system such that each row of the panel recorded the number of fish
caught by an angler in one river system with a specific fishing method. For example, if an angler caught
fish in two rivers with the same method, then his catch is recorded as two rows in the dataset. If an angler
caught fish in just one river but using two different fishing methods his catch is also recorded in two rows
of the dataset. The final dataset had 6,811 observations grouped by 4,662 anglers, which is an unbalanced
panel of anglers across rivers and methods. Descriptive statistics of the sample are shown in Table 1.
1The Foyle river represents the boundary between the Republic of Ireland and Northern Ireland. This licence allows anglers to
fish from both river banks.
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Table 1: Catch rates conditional on positive catch by fishing method, licence type and angler origin for 2016 season
Conditional average catch per angler for 2016 season 3.08
Standard deviation (3.67)
By fishing method per angler: Shrimp Spinners Worms Fly
(one river)
Conditional average catch 3.81 3.02 2.7 3.22
Standard deviation (4.48) (3.54) (2.83) (3.95)
Frequency (%) 9 30 22 39
By licence type per angler : Annual District Juvenile 1 day 21 day Foyle ext.
(one fishing method and one river)
Conditional average catch 3.30 3.42 2.24 2.22 1.22 2.34
Standard deviation (4.12) (3.82) (2.26) (2.16) (0.83) (2.30)
Frequency (%) 38 40 3 14 1 4
By angler country of origin per angler: Ireland N. Ireland Great Britain Europe America Australasia
(one fishing method and one river)
Conditional average catch 3.26 2.67 2.65 2.47 2.16 3.00
Standard deviation (3.95) (2.40) (3.37) (2.08) (1.99) (3.39)
Frequency (%) 76.2 8.2 6.5 8.5 0.4 0.2
Source: 2016 IFI logbook returns
For anglers that did not return logbooks we have no information on the fishing location (i.e. river sys-
tem) nor the fishing methods used. Also, as the logbook returns are limited to positive catches the sample
is truncated at zero and the average catch per angler in Table 1 is conditional on positive catch. The sample
annual average catch per angler, conditional on positive catch is 3.08 (std. err 3.67) salmon. A histogram
of catches is presented in Figure 1. The maximum number of salmon caught by an angler using a single
method in one river was 68 and with an annual bag limit of 10 fish almost all of these fish were released.
The average catch across all anglers, including those with zero catch, is lower. The most prolific fishing
methods per angler in a single river are spinners and fly fishing (39% and 30% of the catch, respectively),
followed by worms (22%) and shrimps (9%). Of the 4662 anglers in the dataset 32% held a annual-all dis-
tricts licence, 43% held an annual district-only licence, 18% held a 21-day licence, with the remaining 8%
holding other licence types. Catch by single fishing method and single river system categorised by licence
type and angler country of origin are also reported in 1.
3.2. Statistical Model
The variable of interest is the number of fish caught by river-fishing method combination, which was
illustrated graphically in Figure 1. The distribution of this count variable covers positive integer values,
which is typically modelled by Poisson and negative binomial (NB) distributions that are defined over non-
negative integers. Under the Poisson distribution the probability an individual i in river r, using fishing
method m catches t salmon is given by (Greene, 2003):
Pr[T = t] =
exp−µ ·µtirm
tirm!
µ > 0, t ∈ N (1)
where µ is the rate parameter and equal to the mean of the Poisson distribution. In a regression framework
µ is usually parametrised with an exponential function µ = exp(X
′
β). Incorporating the X matrix facilitates
the introduction of heterogeneity within the model, while defining µ with an exponential functional form
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Table 2: Most prolific rivers for salmon in Ireland
River Name Salmon catch 2016
Blackwater(Munster) 4836
Moy 4565
Laune 3123
Corrib 2223
Lee 2029
Suir 1466
Feale 1423
Ballysadare 1200
Drowes 1124
Bandon 1000
Nore 599
Owenduff 590
Owenea 585
Ilen 354
Shannon(Mulkear) 333
Waterville/Cummeragh/Currane 332
Source: Table 10, IFI (2017)
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Figure 1: Histogram: number of salmon caught per angler (by river-method combination)
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ensures µˆ > 0. The logbook returns data is truncated at zero, because we have no information on anglers
that did not catch at least one salmon during the season. The Poisson model conditioned for truncation at
zero has the following likelihood function (Hilbe, 2011):
Pr[T = t] =
exp−µ ·µtirm
tirm!
[
1
1 − e−µ
]
(2)
A well recognised shortcoming of the Poisson model in empirical applications is the imposition of equality
of mean and variance. This assumption is often violated and many datasets show over-dispersed data, i.e.
variance larger than the mean. Overdispersion occurs when a few anglers catch a very larger number of
fish compared to the average, boosting the variance of the distribution. This has similar consequences
to heteroscedasticity in linear regression models and in non-truncated samples leads to biases in standard
error estimates. However, in a truncated sample over-dispersion leads to inconsistent estimates, therefore
corrections are needed for a valid model. The negative binomial (NB) distribution, which includes an extra
parameter to account for overdispersion, is often used as an alternative to the Poisson. The truncated NB
model has the following log-likelihood function:
Pr[T = t] =
Γ(α−1 + tirm)
Γ(α−1)Γ(tirm + 1)
(αµ)y(1 + αµ)−(y+α
−1)
[
1
1 − (1 + αµ)α−1
]
(3)
where α represents the over-dispersion parameter and Γ indicates the gamma function that distributes tirm as
a gamma random variable. In the special case in which the α parameter is equal to zero, the NB and Poisson
models are the same (Cameron and Trivedi, 1986).
Nominally our dataset is a panel of anglers but estimating a panel regression, such as a fixed effects
model, though feasible is not practically useful as policy relevant angler-invariant variables (e.g. licence
type, angler country of origin) are dropped during estimation (Baltagi, 2013). While this feature does not
occur in random effects models, random effects assume exogeneity of all the regressors (i.e. X) with the
model’s random individual effects (Mundlak, 1978), which is not a reasonable assumption in this applica-
tion. Variables such as licence type or angler country of origin are likely to be correlated with the error
term. The estimation approach taken here is a least squares dummy variables (LSDV) count model, which
is a pooled regression model that provides parameter estimates equivalent to the fixed effects model but
additionally includes parameter estimates associated with variables normally dropped from the fixed effects
model (Baltagi, 2013). The dropped variables in a regular fixed effects panel framework are usually de-
scribed as ‘time-invariant’ but in the context of this panel are observations that do not vary within angler
groups. In the current dataset the dropped observations would relate to all anglers with just one observation,
i.e. they only catch salmon by one method from one river, and represent 48% of anglers in the dataset.
Following the LSDV approach means that the information from these anglers is not lost. However, during
estimation it is important to account for the fact that observations from the same angler are related. For
instance, more skilled anglers are likely to catch higher numbers of salmon irrespective of fishing methods
or the river compared to less skilful anglers. Consequently, to allow for angler heterogeneity during estima-
tion we cluster standard errors at the angler level (Cameron and Miller, 2015). We also estimate a weighted
regression model, where the inverse of the number of observations per angler is used as a weight.
The estimated parameter vector, βˆ, reflects how the probability of fish caught is associated with the
explanatory variables, X, but the parameter values themselves are not of direct policy relevance. To consider
the practical implications of the model estimates we calculate predicted mean catch, µˆ, and conditional
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predicted mean catch, µˆc, which is conditional on specific values of the independent variables, Xc. For
example, predicted mean catch conditional on fishing method or licence type.
µˆc = exp(X′cβˆ) (4)
4. Results and Discussions
4.1. Econometric models
Table 3 shows results of four regression models, (1)–(4). The first two are truncated Poisson and neg-
ative binomial models, with standard errors clustered at angler level. The third is a weighted truncated NB
model, as described earlier, while the fourth model additionally includes some interaction terms between
fishing methods and the river.2 We first consider model fit and preferred model across the four models
estimated. We calculated the variance inflation factor coefficient (VIF) to check whether the explanatory
variables were collinear. A VIF higher than 10 for one variable is usually an indication that the variable is
collinear with another and should be dropped to allow stability in the model (Greene, 2003). In our case the
maximum VIF is 3.52 and the average across all explanatory variables is 1.15 so multicollinearity is not a
serious problem for the data. There is also consistency across the estimated models with only changes in
magnitude rather than sign of the estimated coefficients between models. The presence of overdispersion
in the data was tested by a log-likelihood ratio test on the dispersion coefficient α in the NB models. For
instance, in the first NB model the test returned a χ2(1) value of 6992.75 (p-value = 0.000) indicating that
overdispersion is important and that the NB model is more appropriate to model the data. This conclusion
is also supported by significant coefficients for α in both NB models and the much lower statistics for the
Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC). The weighted NB model
(model 3) has the lowest scores for AIC and BIC and was selected as the preferred model. The subsequent
discussion of the results refers to model 3 unless otherwise stated.
The first analysis of the coefficients concerns fishing methods, with shrimp as a reference category. All
the other methods have a negative coefficient, which suggests that all are less effective compared to shrimp
as a bait for salmon angling. In particular, fishing with spinner is the method providing the lowest prob-
ability of catch, followed by worms and fly fishing. This ranking is the same across models, which is an
additional indication of consistency of this analysis. This result was expected, as shrimp are considered a
very effective bait for salmon and many local bye-laws either prohibit or curtail the use of shrimp as bait.
We include licence types to examine how catch rates vary across licences with the annual licence cov-
ering all districts as a reference category. The type of licence anglers buy may influence the catch because
it may reflect how often and where anglers fish. The annual district-only licence has a positive coefficient,
meaning that catch with this licence is more prolific than the annual geographically-unrestricted licence.
This suggests that anglers who only fish in one district have a deeper knowledge and experience of angling
sites and that is reflected in higher catches. Anglers fishing across several districts (i.e. Annual, all districts
licence) may have lower levels of local knowledge, which is reflected in lower catches. Anglers with a
juvenile licence catch less than anglers with a standard licence. A juvenile licence is for anglers under 18
years old and they are therefore less expert than anglers fishing for many years. Licences with 1 or 21
2The model with interaction terms included a large number of coefficients. For space and legibility reasons only main coeffi-
cients are included in Table 3. Interaction terms are briefly discussed in the next section and reported in appendix Table A1.
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Table 3: Results of the econometric models
(1) (2) (3) (4)
Truncated Truncated Truncated Truncated NB
Poisson NB NB† w\interactions†
Methods (reference category: shrimp)
Spinner -0.287*** -0.395*** -0.416*** -0.483***
(0.0590) (0.0770) (0.0733) (0.165)
Worms -0.297*** -0.351*** -0.282*** -0.634***
(0.0559) (0.0757) (0.0772) (0.184)
Fly fishing -0.174*** -0.222*** -0.210*** -0.446***
(0.0596) (0.0775) (0.0725) (0.158)
Licence types (reference category: annual, all districts)
District 0.0680 0.110** 0.136*** 0.119**
(0.0420) (0.0526) (0.0494) (0.0483)
Juvenile -0.442*** -0.619*** -0.535*** -0.572***
(0.105) (0.129) (0.125) (0.118)
21 day -0.601*** -0.835*** -0.823*** -0.819***
(0.0749) (0.101) (0.0982) (0.0968)
1 day -2.001*** -2.491*** -2.448*** -2.427***
(0.387) (0.408) (0.415) (0.417)
Foyle-extended licence -0.314*** -0.350** -0.347** -0.358**
(0.116) (0.157) (0.144) (0.140)
Anglers’ country of origin (reference category: Republic of Ireland)
Northern Ireland -0.0594 -0.0874 -0.0190 -0.0420
(0.0614) (0.0854) (0.0833) (0.0831)
UK 0.233** 0.360*** 0.397*** 0.323***
(0.0940) (0.125) (0.126) (0.123)
Europe 0.112* 0.261*** 0.282*** 0.281***
(0.0664) (0.0951) (0.0963) (0.0947)
America -0.125 -0.209 -0.578 -0.610
(0.203) (0.303) (0.410) (0.405)
Australasia 0.372 0.668 0.752 0.769
(0.397) (0.551) (0.513) (0.489)
Constant 1.189*** 0.338*** 0.353*** 0.622***
(0.0737) (0.106) (0.107) (0.159)
α 2.999*** 2.612*** 2.359***
(0.350) (0.272) (0.227)
Pseudo R-squared 0.08 0.025 0.029 0.033
AIC 32711.5 25402.1 17245.0 17245.9
BIC 32916.3 25613.7 17456.6 17710.1
Log-likelihood -16325.7 -12670.1 -8591.5 -8555.0
Observations 6811 6811 6811 6811
Robust standard errors clustered at individual level in parentheses
†Weighted regression, as described in section 3.2
*p<0.10 ** p<0.05 *** p<0.01
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Table 4: Results of the econometric models - river system variables only
(1) (2) (3) (4)
Truncated Truncated Truncated Truncated NB
Poisson NB NB† w\interactions†
River systems (reference category: all other river systems)
Blackwater 0.271*** 0.386*** 0.426*** 0.0782
(0.0708) (0.0923) (0.0788) (0.216)
Moy 0.0140 0.0443 0.0758 -0.120
(0.0506) (0.0683) (0.0671) (0.192)
Laune -0.211*** -0.265*** -0.221** -0.674
(0.0749) (0.101) (0.110) (0.411)
Corrib 0.111* 0.159* 0.210*** 0.131
(0.0607) (0.0816) (0.0795) (0.187)
Lee 0.168* 0.263** 0.337** -0.216
(0.0986) (0.132) (0.152) (0.326)
Suir 1.180*** 1.582*** 1.675*** 1.611***
(0.0999) (0.126) (0.130) (0.174)
Feale -0.281** -0.332** -0.346** -0.302*
(0.120) (0.158) (0.166) (0.172)
Ballysadare 0.210*** 0.304*** 0.439*** -0.0460
(0.0725) (0.0967) (0.103) (0.409)
Drownes 0.123 0.164 0.181 -0.195
(0.0781) (0.109) (0.111) (0.284)
Bandon 0.258*** 0.381*** 0.427*** -0.0124
(0.0937) (0.124) (0.164) (0.295)
Nore 0.640*** 0.926*** 0.848*** 0.845***
(0.144) (0.193) (0.207) (0.300)
Owenduff -0.218 -0.298 -0.265 -0.232
(0.154) (0.198) (0.220) (0.222)
Owenea 0.263** 0.362** 0.439** 0.438*
(0.131) (0.179) (0.182) (0.244)
Ilen 0.331*** 0.469*** 0.619*** -0.587
(0.123) (0.164) (0.167) (0.411)
Shannon 0.795*** 1.068*** 1.098*** 1.188***
(0.132) (0.175) (0.192) (0.251)
Waterville -0.549*** -0.673*** -0.624*** 0.448***
(0.154) (0.203) (0.189) (0.149)
Robust standard errors clustered at individual level in parentheses
†Weighted regression, as described in section 3.2
*p<0.10 ** p<0.05 *** p<0.01
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day duration have considerably lower probability of catching fish, which most likely reflects lower effort
compared to anglers with season long licences. In particular, anglers with a daily licence have a very large
and negative coefficient in absolute value. These short duration licences, i.e. 1 and 21 day licences, are
frequently purchased by tourist and novice anglers, whose expertise in salmon fishing is likely to be lower
than other salmon anglers.
Angler country of origin is the only demographic variable available from the logbooks. Catches by an-
glers visiting from Great Britain and elsewhere in Europe are higher compared to those from the Republic
of Ireland, whereas catches by anglers from Northern Ireland or elsewhere are not statistically different from
Irish anglers. It is not clear why anglers from the Great Britain and Europe have higher catches. It may
reflect higher relative skill levels of visiting anglers but the predominant fisheries where Great Britain and
European anglers catch salmon are the two most prolific fisheries, the river Moy and the Munster Black-
water. Visiting anglers tend to concentrate on the premier salmon fisheries, whereas anglers living in the
Republic of Ireland fish across all the salmon rivers. Visiting anglers might also be expected to be more
likely to use the services of a gilly, which should increase their chances of catching a higher number of
salmon, all else being equal.
In the regression models we included dummy variables for river systems to control for differences in
salmon stocks, habitat quality and water pollution across sites. The logbook database covers 92 separate
river systems and for tractability in the regression model output we included dummy variables for the 16
most prolific river systems in 2016 each with annual catches exceeding 300 fish, as illustrated in Table 2.
These 16 river systems accounted for 81% of the total recreational catch for the 2016 season. The reference
category is the remaining river systems. Although the dummy variables represent the most prolific fisheries
compared to the reference category, it is not necessary for the estimated coefficients to be always positive,
as the model is estimating catch per angler by river and method. The most prolific river systems also have
the highest number of anglers so average catch per angler is not necessarily higher on the most prolific river
systems. We report the regression coefficients for these dummy variables separately in Table 4. Controlling
for the other explanatory variables in the model the results in Table 4 indicate average catch rates on the
river Moy, the second most prolific river in the country, are not statistically different than the reference
category, while mean angler catch on the Blackwater is higher and lower on the river Laune compared to
the reference category. The Suir river system has the highest coefficient estimate at 1.675. Controlling for
fishing method, licence type, as well as angler country of origin, the river Suir has the highest mean catch
per angler, though the coefficient itself cannot be interpreted directly as a number of fish. From the logbook
returns mean catch per angler on the Suir using a fly as a fishing method is 8.7 salmon compared to 3.9 fish
on the Blackwater. In general, the statistical significance of almost all river system coefficients highlights a
high explanatory power for these variables and suggests that catch is site-specific, therefore angling location
is an important factor.
Model (4) included interaction terms between fishing methods and rivers, on the premise that there
may be non-linearities in the catch rates associated with particular river and fishing method combinations.
Though model (4) is not the preferred model, its AIC score and log-likelihood values are similar in magni-
tude to the preferred model (3). The interaction terms are reported separately in the appendix Table A1. Just
9 of the 38 reported parameter estimates are statistically different than zero at the 5% level suggesting little
added value from this model in terms of using the estimates to inform angling pressure or stock assessment
at specific river level. However, collectively the 38 interaction terms are highly statistically significant with
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a χ2(38) = 176.5 suggesting that the association between catch rates and river-fishing method combinations
are non-linear. Consequently, in Table A1 we have also reported mean predicted catch rates for the 16 top
river systems associated the different fishing methods.
4.2. Postestimation and marginal effects
Table 5 shows model predicted mean catch rates associated with variables of policy interest, i.e. methods
and licence types, calculated based on the preferred model 3 specification. The information that can be
retrieved from these indicators is the predicted catch associated with the fishing method or licence type
controlling for all other covariates, such as river systems. First, the overall model unconditional mean
predicted catch is 1.37 salmon, which contrasts with the mean of 3.08 conditional on positive catch from
Table 1. Table 5 shows how the unconditional mean catch varies by fishing method or licence type. Anglers
using shrimp as a fishing method have a model mean catch of 1.79 salmon for the 2016 season, which is
the highest of the four fishing methods, while those using a spinner as bait have the lowest mean catch of
1.18 salmon. With regard to licence types, as outlined earlier, anglers purchasing a district licence have the
highest catch, estimated at 1.73 salmon in our preferred model specification, all else held equal. The annual
licence is associated with the second largest bag, i.e. 1.51 salmon per season. The higher predicted catch for
anglers with a district licence may be related to the degree of local knowledge of anglers frequently fishing
in the same district rivers, compared to anglers with an annual licence covering all districts but who may
not have the same in-depth experience at all fishing locations. Juvenile and time-limited licences show the
lowest return in terms of catch, which is reasonable due to the likely lower degree of expertise or potentially
lower fishing effort, particularly with the short duration licences. It is also feasible to calculate predicted
mean catches associated with a combination of fishing methods or river systems. In the previous section
we noted that the river Suir has the highest mean catch per angler. The model predicted mean catch rate for
district licence holders, flying fishing on the river Suir is 7.1 (s.e. 0.94) salmon compared to a comparable
angler on the Blackwater of 2.0 (s.e. 0.18).
Table 5: Unconditional predicted mean catch by fishing method and licence type
Predicted mean catch Standard Error
Overall 1.37*** (0.09)
By fishing method:
Shrimp 1.79*** (0.16)
Spinner 1.18*** (0.09)
Worms 1.35*** (0.10)
Fly 1.45*** (0.10)
By licence type:
Annual 1.51*** (0.11)
District 1.73*** (0.11)
Juvenile 0.89*** (0.12)
21 day 0.66*** (0.07)
1 day 0.13** (0.05)
Foyle Ext. 1.07*** (0.16)
*p<0.10 ** p<0.05 *** p<0.01
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(a) Fishing methods (b) Licence types
Figure 2: Pairwise comparison of marginal effects
Figure 2 presents these results visually, where catch associated with licences types and fishing meth-
ods are evaluated as pairwise comparisons. In this case the general interpretation of the bars indicate the
increase (or decrease) in the predicted mean catch when switching from one method or licence to another.
With respect to fishing methods, switching from shrimp to spinners is associated with the largest decrease
in the average catch of approximately 0.6 fish less on average, a switch from shrimp to worms or flies de-
creases in the bag of 0.45 and 0.32, respectively. Swapping spinners with fly fishing is associated with an
average increase of 0.3 fish per season, while replacing spinners with worms is associated with an increase
in mean catch of almost 0.2 fish per season. With respect to licences the largest difference in mean seasonal
catch occurs between a district licence and the 1 or 21 days licences.
5. Discussion
The complexity of water ecosystems require considerable efforts to assure a sustainable and long-lasting
habitat for fish and the other species living in the water. A critical factor for effective conservation policies
is the availability of data, which are not always available in a timely manner. Mandatory logbooks for recre-
ational anglers provide detailed data to help managers sustainably manage fishery resources. Information
retrieved from angler logbooks is already being used to establish river specific conservation limits (White
et al., 2016) and assess whether recreational harvesting is permitted. The models estimated here based on
the same logbook data provides additional information useful for the regulation and management of recre-
ational fisheries, including informing decisions on the regulation of fishing methods, catch and release,
river-specific policies, licence types and costs.
5.1. Angling regulation
Angling regulation aimed at control of fishing method could be used to influence both number of anglers
and their catch rate. As seen in the model results, shrimp as a bait has the highest predicted catch and fishing
by spinner has the lowest. Across all four fishing methods considered, the mean predicted catch is between
1–2 salmon per angler, per season, over all river systems. So, on average across all salmon rivers there
is not a substantial difference between fishing methods. And on this basis one could conclude that fishing
methods have been regulated in such a manner that no single fishing method, averaging across anglers and
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the entire season, is substantially more successful in catching salmon than any others. But averages obscure
the distribution of outcomes on specific rivers. For example, there is a difference of 3 fish between the
highest angler catch per method (shrimp, 8.7 fish) and and the lowest (spinner, 5.7 fish) on the river Suir.
On the Blackwater river the difference is less than 1 fish, with mean catch by shrimp at 2.5 fish compared
to mean catch by spinner at 1.6 fish. The estimated model can be used to compare mean catch rates by
fishing methods both within and between river systems for the purpose of reviewing regulations pertaining
to specific rivers or fishing methods.
5.2. Licences
Information on licence types may be important from several perspectives. The relative comparison of
catch by licence type highlights that annual and district licences are those associated with the highest av-
erage catch per season, while time-constrained licences are less prolific on average. With this information
fishery managers can assess in near real-time recreational angling pressure on fish stocks based on the num-
ber and types of licences sold. This information is also useful to compare the catch (or return) per unit cost
of a licence, i.e. the ratio of average catch by licence type to licence cost, as illustrated in Table 6. For
instance, an annual all-districts licence costs e100 and the mean catch of anglers with that licence is 1.51
salmon. The mean licence cost per fish caught is e66.10. Contrast that with the 1-day licence, the annual
licence is five times the 1-day licence cost but the mean catch is over 11 times higher. The mean licence cost
per fish caught for the 1-day licence is e152.95. Across the adult licences, the district licence has the lowest
mean licence cost per fish caught at e33.32. District licence holders, on average, enjoy the best value or
returns in terms of the cost of their licence fee. The juvenile licence has the lowest cost per fish caught,
which no doubt reflects a policy measure by fishery managers to encourage participation in recreational
angling by young people.
Table 6: Marginal catch, cost and cost per fish for different licences
Licence type Predicted mean catch Cost (e) e per fish
Annual 1.51 100 66.10
District 1.73 56 32.32
Juvenile 0.89 10 11.29
21 day 0.66 40 60.33
1 day 0.13 20 152.95
Foyle ext. 1.07 80 74.84
5.3. River systems
Rivers are very different from each other and finding interventions suitable for all can be difficult.
For this reason diversified policies based on river characteristics are often successful for conservation. Our
models account for site specific effects reported in Table 4, while model 4 allows interaction effects between
fishing methods and rivers systems, which are reported in Table A1. A couple of examples are provided
to illustrate the diversity of research findings. The consequent implications for the management of these
fisheries ultimately depends on the viability of the stocks in these rivers. These examples highlight which
fishing methods are the most effective within a given fishery. Taking the river Ilen it is noticeable that fly
fishing and the spinner are the particularly effective. Spinners, fly and worms are substantially less effective
in Waterville compared to the shrimp as a bait. On the river Bandon fly fishers have a higher probability of
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catch while those using worms are less likely to reach the average bag. Interactions enrich the informative
potential of this analysis and identify the most and least effective methods by river, so that specific policies
can be tailored if conservation is in danger.
6. Conclusions
Fishery managers are increasingly concerned about the environmental impacts caused by recreational
anglers and attempt to avert negative outcomes through regulation. There is therefore an increasing need
to monitor anglers’ activity given the wide evidence of environmental impact cause by recreational fishing.
Currently, the tools available for managing recreational fisheries tend to place restrictions on individual an-
glers, such as daily catch limits and bag size limits. However, the effectiveness of these methods to restrict
recreational catch have been questioned as they may not effectively limit the total harvest (Chan et al., 2018;
Cox et al., 2002). Also, ecosystem impacts are caused by both the number of anglers and their catch; poli-
cies usually aim to reduce one or the other. Limiting the number of anglers might have negative economic
consequences so reducing fish harvest is often preferred. In this contribution we proposed a method to
identify a ranking of fishing methods for salmon based on catch effectiveness, controlling for river specific
characteristics such as habitat conditions and stocks. We argue that the analysis of logbook data to estimate
the impact of fishing methods on catch rates provides valuable information to fishery management. This
information should facilitate the better protection of fish stocks by allowing managers to consider fishing
method restrictions as a means of limiting catch rates in threatened fisheries.
This contribution discussed the mandatory logbook scheme operating in Ireland and proposed a method-
ology to analyse the data in a simple and at the same time informative manner. A major advantage of the
approach suggested is that collecting data from logbooks is efficient and cheap, both in terms of money and
time. Self-compiled logbooks allow surveying the full population of anglers without the need of interview-
ers or costly surveys. The statistical analyses that we proposed are quite simple to replicate and models are
flexible enough to allow different specifications based on the objective of the study. As already highlighted
possible improvement of the models could be collecting additional variables and identify other causal ef-
fects of anglers’ characteristics on catch. In addition, this procedure is flexible and may be applied to many
endangered fish species and also to different recreational activities involving pressure on natural stocks, e.g.
hunting.
The methodology employed in the paper has some limitations to consider when interpreting our results
and to improve the method in future applications. Firstly, and as discussed in the methodology section,
we have ignored the panel nature of the data in the model estimation. If the catch rate is affected by un-
observable variables that systematically vary across river-method in the panel, then the coefficient on any
variable that is correlated with this variation will be biased. The cluster-adjusted standard error used in the
chosen models to allow us to account for the fact that observations from the same angler are related but an
area for future research is to consider the use of a panel count model along the lines of Hynes and Greene
(2016). Another important factor to note is that it is not possible to control for IUU (illegal, unreported
and unregulated fishing). The accuracy of the results also depends on the reliability of logbooks, which
is in turn determined by anglers’ environmental consciousness and enforcement levels. Another limitation
of the dataset was the absence of information on effort levels, e.g. the number of fishing days, as well as
observations representing persons that did not catch at least one salmon.
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A recommendation therefore for fisheries management is to collect additional information via the log-
book, specifically to collect information on angling effort, as well as on those fishers who have a zero catch
rate. Incorporating this information should lead to a more accurate estimation of the causal effects of an-
glers’ characteristics on catch. The assessment of the ex-post expected value for money of licence types
highlighted the fact that the cost per fish caught is highest for the 1-day licence at a cost per fish of e153 (a
1 day licence costs e20 but the expected catch is just 0.13). Therefore, a further recommendation to fishery
managers would be to consider the introduction of a special “come and try it” 1 day licence for beginners
at a cost below the current 1 day licence if the goal is to try and encourage new participants in the sport of
salmon angling.
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Table A1: Model parameter estimates for interaction terms from Model (4)
and associated mean predicted catch rates
Method River parameter Standard Predicted Standard
estimate, β error mean Error
Model (4) catch, µc
Shrimp Moy † 1.57 0.22
Shrimp Ballysadare † 1.69 0.65
Shrimp Drownes † 1.46 0.37
Shrimp Corrib † 2.02 0.27
Shrimp Nore † 4.11 1.11
Shrimp Blackwater † 1.91 0.32
Shrimp Laune † 0.90 0.35
Shrimp Waterville † 2.77 0.16
Shrimp Lee † 1.42 0.42
Shrimp Bandon † 1.75 0.46
Shrimp Ilen † 0.98 0.38
Spinner Owenea -0.008 0.382 1.68 0.48
Spinner Moy -0.113 0.224 0.86 0.09
Spinner Ballysadare 0.440 0.523 1.62 0.52
Spinner Drownes 0.630 0.332 1.69 0.29
Spinner Corrib -0.203 0.268 1.02 0.19
Spinner Shannon -0.326 0.372 2.58 0.70
Spinner Suir 0.034 0.259 5.65 1.02
Spinner Nore 0.237 0.376 3.22 1.03
Spinner Blackwater 0.006 0.24 1.19 0.11
Spinner Feale -0.110 0.318 0.72 0.19
Spinner Laune 0.447 0.441 0.87 0.14
Spinner Waterville -0.962 0.32 0.65 0.18
Spinner Lee 0.498 0.404 1.45 0.33
Spinner Bandon 0.400 0.335 1.61 0.27
Spinner Ilen 1.336 0.458 2.31 0.46
Worms Owenea -0.418 0.518 0.96 0.42
Worms Moy 0.481 0.23 1.35 0.11
Worms Ballysadare 0.565 0.439 1.58 0.20
Worms Drownes 0.510 0.402 1.29 0.35
Worms Corrib 0.249 0.25 1.37 0.18
Worms Blackwater 0.379 0.325 1.48 0.33
Worms Feale -2.424 1.021 0.06 0.06
Worms Laune 0.674 0.458 0.94 0.16
Worms Waterville -0.989 0.337 0.55 0.16
Worms Lee -0.256 0.451 0.58 0.17
Worms Bandon -0.831 0.439 0.40 0.12
Worms Ilen 0.809 0.462 1.17 0.22
Fly fishing Owenea † 1.75 0.43
Fly fishing Owenduff † 0.90 0.19
Fly fishing Moy 0.162 0.225 1.18 0.13
Fly fishing Ballysadare 0.604 0.438 1.98 0.31
Fly fishing Drownes 0.143 0.311 1.07 0.16
Fly fishing Corrib 0.102 0.223 1.43 0.17
Fly fishing Shannon † 3.71 0.92
Fly fishing Suir † 5.67 0.93
Fly fishing Nore -0.687 0.360 1.32 0.26
Fly fishing Blackwater 0.636 0.249 2.31 0.26
Fly fishing Feale † 0.84 0.14
Fly fishing Laune 0.056 0.462 0.61 0.13
Fly fishing Waterville -1.179 0.309 0.55 0.15
Fly fishing Lee 0.722 0.395 1.88 0.41
Fly fishing Bandon 0.811 0.406 2.52 0.69
Fly fishing Ilen 1.816 0.542 3.87 1.35
Note: Other parameter estimates from model (4) were reported in Tables 3 and 4
† Interaction term not estimated.
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